"First they ignore you, then they laugh at you, then they fight you, then you win," a saying reportedly misattributed to Mahatma Ghandi 1 , might apply to the use of Bayesian statistics in medical research. The idea that Bayesian approaches might be used to "affirm" findings derived from conventional methods, and thereby be regarded as more authoritative, is a dramatic turnabout from an era not very long ago when those embracing Bayesian ideas were considered barbarians at the gate. I remember my own initiation into the Bayesian fold, reading with a mixture of astonishment and subversive pleasure one of George Diamond's early pieces taking aim at conventional interpretations of large cardiovascular trials of the early 80's. 2 It is gratifying to see that the Bayesian approach, which saw negligible application in biomedical research in the 80's and began to get traction in the 90's, is now not just a respectable alternative to standard methods, but sometimes might be regarded as preferable.
That said, it is premature to declare a "win," and the statistical lingua franca of biomedical research is still firmly frequentist, with P-values, confidence intervals and Type I and II errors dominating the journal landscape. It is helpful to use the thoughtful and thorough
Bayesian exercise of Bittl et al. 3 to reflect on what Bayesian approaches give us, and what they don't.
Many introductions to this approach can be found in the literature, and those basics will not be repeated here 2-4 . But it is useful to examine the philosophic foundations of Bayesianism, which have their roots not so much in Bayes theorem, from which the approach gets its name, but in its definition of probability, which Bittl et al. allude to. Uncertainty can be roughly divided into two types; stochastic and epistemic 7, 8 . Stochastic probability concerns repeatable random processes and numbers like the chance of flipping five successive heads. These probabilities have an objective reality (or we imagine they do), can be calculated with equations and typically 80's and began to get traction in the 90's, is now not just a respectable alternativ ve e e to to o sta ta tand nd ndar ar ard d d methods, but sometimes might be regarded as preferable.
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can be confirmed in simulations or empirical experiments. Epistemic probability, on the other hand, from the Greek "episteme" for knowledge, holds that uncertainty is a reflection of imperfect knowledge, and is reflected in "degree of belief" probability statements. This uncertainty can exist about any proposition, like the chances of a defendant being guilty, the chance the US will go to war, or, as in the article by Bittl, whether the results of RCTs conducted 30 years ago still apply today.
As most clearly articulated by von Mises in 1928 9 , frequentist philosophy firmly rejects such uncertainty as being representable with probabilities or indeed, as being within the realm of science. So it is this definition of probability that we must grapple with moreso than the mechanics of Bayesianism; is it scientifically legitimate to put numbers on qualitative judgments like the reliability of studies from long ago, or the comparability of studies to be pooled, the plausibility of the underlying mechanisms, or the relative reliability of RCTs versus observational studies, to conclude that percutaneous coronary intervention (PCI) is better than medical therapy and comparable to coronary artery bypass grafting (CABG) in selected patients?
It is easy to answer "no" to that question if one didn't have to make decisions. But patients with unprotected left main coronary artery disease (ULMCAD) must decide, together with their physicians, whether to undergo PCI or CABG. Any decision will imply a specific quantitative weighting of the evidence, or at least range of weights, even if those weights are not explicitly assigned a priori. So one cannot escape such weighting; it is either tacit, implied by the decision, or chosen a priori to reflect reasonable judgments, with the decision then following.
The latter is what Bittl et al. do in their Bayesian meta-analysis of the evidence supporting the relative benefits of treatments for ULMCAD 3 .
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It is ea ea asy sy sy t to o o an an answ sw swer r r "no n n " to to to t t tha h h t t t qu qu ques es sti ti ion on on i i if f f on on one e di di didn dn dn't t t ha ha have v v t t to o o ma ma make ke ke d dec ec ecis is isio io ions ns ns. But in fact such guidelines have their own language of epistemic uncertainty. Instead of stating that the proposition that PCI is comparable to CABG, has, say, an 80% chance of being true, the Level of Evidence (LOE) for this statement is classified as "B." The reason such LOE schemes have evolved is in part because traditional analyses have no measure nor language for the probability that a claim is true, even though P-values are occasionally misinterpreted to mean this 10 . So a body of evidence rated on the degree of potential bias in the supporting studies is put into LOE categories "A", "B" or "C." Using letters and not numbers for such distinctions is reflective of an analytic method that does not allow probabilities to be used for this purpose.
The analysis of Bittl et al. differed from the standard one that motivated it in three ways.
First was the use of Bayesian technology, next was the dimension of "cross design synthesis", and finally was the network analysis. We will discuss them in that order. There have now been fairly substantive expositions in the clinical literature of what Bayesian approaches do. Bayesian analyses have at least two components that differ from frequentist approaches; a prior probability distribution reflecting the plausible ranges of the true effect based on external evidence, and a different calculus for how the variability in the summary estimate is calculated. This prior distribution is often chosen in a way that allows the data to "speak for itself," a so-called "uninformative" or "diffuse" prior, which was used here. When there is little variation between studies, there is typically little difference between the standard random effects model and a Bayesian summary. That is seen here, with the frequentist 95% confidence interval for the relative risk of 0.72 to 1.40 for 1-year CABG vs. PCI mortality comparisons, and the Bayesian credible interval of 0.67 to 1.43, with main effect estimates near 1. In general, the variability of a Bayesian meta-analytic estimate will be wider than with a frequentist analysis, and more accurately measure an estimate's true uncertainty. In this example, if we look solely at the First was the use of Bayesian technology, next was the dimension of "cross desi ign g gn s s syn n nth th thes es esis is is", " ", and finally was the network analysis. We will discuss them in that order. There have now been fa air ir rly ly ly s s sub ub ubst st stan an antive ve e e e exp x ositions in the clinical liter r ra at atu ur re of what Ba aye ye y sian an n a a app p roaches do. Bayesian an nal al lys y es have e at at le e east st t tw wo wo c c com om ompo pone ne nen n nts s s t th hat d d dif f ffer fr rom m m f f fre reue en enti tist t a app ppr ro roac ache he hes s; s; a a p p pri ri ior or o p pro ro roba ba babi bi ility di dist st stri ri ribu bu buti tion on n r r ref efle le ect ct tin ing g g th h he e pl pla au ausi si sibl bl ble e e ra ran ng nges es es o o of th th the e t t tru u ue e e eff ff ffec ec ect t t ba ba base se ed d on on on e e ext t ter erna na nal l ev ev e id id ide e ence ce e, an and d d a a different calc cul ul u us us u f f for or o h h how o o t t the he he v var ar aria ia i bi bi b li ity ty ty i i in n n th th the e e su su umm mm mmar ary y y es es esti ti tima ma mate te t i i is s s ca ca calc lc lcul ul ulat at a ed ed d. . T T Thi hi h s s s prior numbers provided, the Bayesian approach appears to yield little different than the standard method.
The "cross-design synthesis" is next. While the name sounds technical, it really is nothing more than pooling the results of studies with different designs, as is done here with the RCTs and two kinds of cohort studies. If the studies are estimating exactly the same quantity (e.g. a relative risk), there is in theory nothing wrong with this. But studies of different design typically have different susceptibility to biases, with consequently differing confidence in the accuracy of their results. How do we reflect that differing confidence? One way is to use metaregression to examine how the study estimates vary as a function of design features, although there are typically too few studies for this to tell us enough. However this is done, the net effect is to downweight studies that we believe are more prone to bias. In the absence of adequate empirical data, we can simply choose weights that reflect informally what we believe to be the relative credibility of a given design to the most rigorous design in the synthesis, typically an RCT. The paper describes this approach, but not in enough detail to reproduce i.e. with the quantitative details of the models. There is also not enough qualitative detail about the underlying studies to independently assess their bias potential, although some of that information is in the original ACC guideline document 11 . Given that the effects of RCTs, cohort and matched cohort studies were statistically similar, the result in this example could not have been sensitive to these weights, but the details could still be useful to inform future analyses.
Finally we come to the network meta-analysis, only in this case there was not much of a network, with only two pairs of comparisons. With strong consistent evidence that CABG is equivalent to PCI (for mortality), and strong consistent evidence that CABG is better than medical therapy, it does not take a sophisticated analysis to confirm the conclusion that PCI is here are typically too few studies for this to tell us enough. However this is don ne e, e, t the he h n n net et et e e eff ff ffec ect s to downweight studies that we believe are more prone to bias. In the absence of adequate em mpi pi piri ri ric ca cal l l da da data ta t , we we we c can simply choose weights tha ha hat t r r reflect inform mal al a ly w w wha ha hat we believe to be the e ela a ati tive credibi bili li lity ty o of f f a a gi gi give ve en n n de d desi sign gn gn to o o t th he mo mo most r rig igo orou ou ous s de de es si ign gn in n n th the e sy y ynt nthe he hesi sis, s, t t typ yp pic i ical ally ly ly a a an n RC RC CT. T. T. T T The he p p pap a aper er de es escr cr rib ibes es thi hi his s ap ap appr pr proa oac ch ch, , bu bu but t no no not t i in in e en no noug ug ugh h h de de eta ta t i i il t t to o o re rep pr prod odu uc uce e e i. i.e. e. e. w w wit th h h t th the e quantitative d d det et etai ai a ls ls ls o o of f f th th he mo mo mode de d ls ls ls. . Th Th Ther r re e e is is is al al a so so so n n not ot t e e eno noug ug ugh h h qu qu qual al alit it i at t ti i ive ve ve d d det et etai ai ail l ab ab abou ou out t t th th he e likely better than medical therapy, although the exact effect estimates and their variability will not be as apparent. The main complication was that almost all of the CABG vs. medical therapy studies were decades in the past, and both therapies have improved over time. The authors deal with this in a variety of reasonable ways, allowing different variation of medical therapy versus CABG outcomes, because medical therapy has probably improved more over time, and reducing the weight of the older studies by a factor of three, which they varied in sensitivity analyses. Another advantage of Bayesian analyses for guideline development is transparency.
Diamond and many others have decried the sometimes hidden judgments that underlie frequentist report. It would have been very interesting to have calculated the prob ob bab ab bi ili it ity y y of of of equivalence (within defined limits) between CABG and PCI, of the difference between PCI and me medi di dica ca cal l l th th ther er e a a apy, y, a a and nd n perhaps Bayes factors for su su suc ch h quantities 4, 12 . . Ha avi vi vin ng ng implemented ap ppr proa o ches to o do do dow w wnw we eig ig ght ht ht f f for or or s stu tu udy dy dy a ag ge e e and d d r r risk of f bi ias as s, , it it t w w wou ould ld h ha av ve e b b bee ee en n n qu quit it te e e in in inte te ere e est s stin n ing g to e ee e e ho ho how w w th thes es ese e af af ffe fect cted ed d e e est stim imat a a es es s o o of f f th the e e pr pr prob ob obab b bil il i i ity ty ty o of ef ef effe fe fect ct ctiv v ven en e e es ess. s s. D Di i iam mo mon nd nd a a and nd d K K Kau u ul h ha have ve e outlined an al alte te tern rn r at at ativ iv ive e e ap ap a pr pr proa oa oach h h t t tha ha hat t t wo wo woul ul uld d d re re epl pl p ac ac a e e e LO LO L E E E de de desi si s gn gn gnat a a io o ons ns ns w w wit it ith h h a a co co comp mp mple le lete tely guidelines, particularly those not driven by the highest level RCT evidence. Bayesian approaches, which force the quantification of these judgments and models their consequences, can make evidential assessment behind guidelines more transparent and reproducible, allowing us to explicate and perhaps narrow areas of disagreement. Although these authors have done this kind of modeling, the details and sensitivity analyses are not presented in enough detail to reproduce them.
Settings in which one would expect to see bigger differences between Bayesian and frequentist approaches in the numerical estimates would be those in which there was some prior information, substantive quantitative and qualitative variability among studies, and a richer web of treatment comparisons upon which to derive indirect inferences. Less obvious, but no less important, is the value of such models for modeling the effects of different qualitative judgments, and to allow guideline panels to navigate more adeptly in the world of intermediate certainty.
This analysis by Bittl et al. 3 hopefully can serve as a starting point for future Bayesian evidence analyses, whose value may be more apparent when the outcomes of the summaries are less predictable, qualitative disagreements among experts about the evidence are more difficult to reconcile , and the full range of Bayesian measures is used.
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